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Abstract 
Removal of speckle noise from SAR (Synthetic Aperture RADAR) image is of greatest interest to many researches for 
practical as well as theoretical purposes. Many traditional linear and non linear methods are proposed for the despeckling of SAR 
image. Recently, non linear method using wavelet transform is found to be better of this denoising, due to its advantages over 
linear filtering. Since Multiwavelet provide compact support orthogonality and symmetry property simultaneously, the 
experimental results show a better SNR (Signal to Noise Ratio) value of 3% when compared to ordinary wavelets. This paper 
demonstrates the work of VLSI architecture of designed parametric multiwavelet with Baye’s shrink for the noise reduction. The 
architecture is implemented in virtex5 (xc5vsx240t-2ff1738) FPGA and experimental results shows that the proposed work have 
8% of improved image quality. Therefore it is suited better for all denoising and compression applications. 
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1. Introduction 
A Synthetic Aperture RADAR is a form of RADAR which is mounted on a moving aircraft. It has a beam -
forming antenna that sends pulses of radio waves to the object at any wavelengths. The pulses received back from 
the target are stored successively at each antenna position. Since antenna is mounted on a moving platform the echo 
pulses received consists of fluctuated signal. This noise is speckle noise which is a multiplicative noise added to the 
image using the equation J =I+n*I where n is uniformly distributed random noise with mean zero and variance v. 
The speckle noise in SAR is generally more serious causing difficulties for image interpretation. So there is a 
necessity for the removal of speckle noise from the image. Averaging out the speckle noise is one method in which 
the speckle noises are removed by having several images from the target and averaging and removal of noise. 
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Results reported in [1- 3] shows the removal of speckle noise by using adaptive and non adaptive filters. Adaptive 
filters generate weights for the removal of noise where as non adaptive uses one weight for the entire image. 
 Weiner filter uses an exponential model for the de-speckling purpose [3] .The MMSE (Minimum Mean 
Square Error) was optimal which was reported in the results of Kuan filter. Lee filter uses linear approximation 
noise model which uses mean and standard deviation to determine the degree of smoothing. Since window size is 
fixed, a large window provides good frequency resolution but, bad time resolution. Robust filters were proposed by 
Frery et al for the reduction of speckle. The results reported in [5, 6] prove the efficiency of the reduction of speckle 
noise using wavelets. In [7-14] multiwavelets are used due to its advantages of short support, orthogonality and 
symmetry property. Multiwavelet like GHM is used for denoising and the author proved that multiwavelts 
outperform other filters. VLSI architecture for such a filter is necessary to implement the denoising filter in terms of 
hardware. Other multiwavelets coefficients are fixed and they are less suitable for the removal of speckle noise. 
 In this paper we introduce the design of parametric multiwavelets and the coefficients are obtained which is 
suitable for denoising. The designed parametric multiwavelets coefficients are used to form VLSI architecture. This 
architecture is different from other architectures in terms of the preprocessing and post processing blocks. The 
architecture does not have these steps. In this paper we provide a brief theory of multiwavelets and design of 
parametric multiwavelets in section 2 and describe the VLSI architecture for Parametric Multiwavelet and denoising 
coder in section 3.Section 4 shows the results of the architecture in terms of subjective and objective measures. 
Finally conclusion is given in section 5. 
2. Denoising using wavelet shrinkage-Statistical modelling and estimation. 
Consider the standard univariate nonparametric regression setting 
 
( ) ( ) ( ), 1,2,....i i iX t S t t i n                                    (1)                                                                                
Where    ( )iX t   are assumed to come from zero-mean Normal distribution,  ( )i t are independent standard normal - N (0, 1) – 
random variables and noise level   may be known or unknown. The goal is to recover the underlying function S  from the 
noisy data, 1 2( ) ( , ,...... )nX t X X X  without assuming any particular parametric structure for S  
For images, the model is  
 
                     , , ,( ) ( ) ( ), 1,2,.... , 1,2,.....i j i j i jX t S t t i I j J    , (0,1)i j N                                                  (2) 
 
The three main steps of denoising using wavelet coefficient shrinkage technique are as follows 
1) Calculate the wavelet coefficient matrix w  by applying a wavelet transform W to the data: 
  
          ),()()( WSWXWw                                                                                     (3)  
 
2) Modify the detail coefficients (wavelet coefficients) of w  to obtain the estimate w  of the wavelet coefficients of S:  
      ww ˆ                                                                                              (4) 
3) Inverse wavelet transform for the modified detail coefficients to obtain the denoised coefficients  
       )ˆ(
ˆ 1 wWS                              (5) 
The number n of the wavelet coefficients w  in Equ. (4) varies depending on the type of transform (decimated or 
undecimated) used. w  consists of both scaling coefficients and wavelet coefficients. In decimated wavelet 
transform, the number of coefficients in w  is same as number of data points. There will be n/2 scaling coefficients 
and equal number of wavelet coefficients in w . The first step in denoising is to select a wavelet for the forward and 
inverse transformation W and 1W  . There are variety of wavelets that can be used which differs in their support, 
symmetry, and number of vanishing moments. In addition to a wavelet, we also need to select number of 
multiresolution levels and the option for handling values near the edge of the image. There are several boundary 
treatment rules including periodic, symmetric, reflective, constant and zero-padding. If the selections of filters are 
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perfect then denoising can also be applied without problems in cardiac imaging also. In the recent years there has 
been increasing number of research activities on wavelets and multiwavelets for applications like denoising. This 
lead to the development of many algorithms for removal of noise from the signal.  
2.1 Parametric Multiwavelets: 
The interpolating property of the multiwavelet basis makes the coefficient values same as the values of the 
solution, thereby reducing the computational overhead. The use of a set of short support filters in multiwavelet leads 
to dual benefits over scalar wavelets. The first one is that multiwavelet with a given support can achieve the 
smoothness offered by scalar wavelets with larger support. The second benefit is that multiwavelet provides better 
compaction than the scalar wavelets [15]. Availability of a large number of wavelet families implies a corresponding 
high level of flexibility in the use of image compression. However the number of multiwavelet families available is 
limited putting a corresponding restriction on the possibilities of compression application. Parametric multiwavelets 
have the advantage that the user can optimize the multiwavelet system for any application. It is possible to generate 
scaling function coefficients by varying angular parameters. A method for the construction of the parametric 
multiwavelet [15] has been formulated. It was reported in [15] parametric multiwavelet based transforms exhibit 
good frequency resolution, compact support, orthogonality, arbitrary approximation order and symmetry at the same 
time. For α = 0, the symbol of the symmetrical cardinal B-spline of order 2 is obtained. The cardinal B-splines 
are the most regular refinable functions with respect to their supports. The support of 2  is contained in [-1, 1]. 
Multiwavelets as an extension of scalar wavelets have received considerable attention recently from wavelet 
research communities. Multiwavelets can be considered as a system of wavelets with more than one scaling and 
wavelet functions.  
3. Proposed work  
3.1 Architecture of Parametric multiwavelet with Baye’s shrink 
For the coefficients of parametric multiwavelets in equation (9) the wavelet transform is applied using preprocessing and post 
processing filter. The filter used for it is Hardin-Roach filter.The matrix coefficient,  kH , kG  are of the form    
                                                                                                                             
 
                                                                                                    (6)                                                                                                 (7) 
    
 
 
The coefficients for computation of parametric multiwavelets of multiplicity r = 2 and approximation order 1k   is 
given here where   is the approximation order and  is the parameter. Computation of ( )K A z  involves three steps 
[15]: 
(i)  Defining general symbol entries. 
(ii)  Eigen value condition. 
(iii) Factorization condition. 
 
The symbol A as the scaling coefficients, for k = 2can be written as 
 
 
                          (8)  
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//Inputs 
   Wk: detail coefficients 
    Ns: Number of coefficients 
//Outputs 
   λ:threshold 
//Computations 
   Load a 2-D noisy image 
{  Fix the noise standard deviation σ 
  Perform Wavelet transform using the coefficients from equation (8) 
 Calculate the value of λ of Bayes algorithm 
  For the value of λ find Dλ(.)  
 Perform inverse wavelet transform for the same set of coefficients in equation (8) 
 Find out the difference between the original and reconstructed image. 
  Find Signal to Noise Ratio 
} 
Repeat for different images and different values of σ Algorithm can be repeated for different coefficient set of 
parametric multiwavelet by changing the value of α in equation (8). 
3.2 Hardware Implementation: 
The overall architecture for denoising is shown in figure 1 
 
Fig. 1 VLSI architecture for Parametric Multiwavelet in Xilinx system generator  
The design for the denoising block is shown below. The hard threshold is used for the radar images and Bayes 
shrink was forund to be more accurate when compared to other threshold rules. 
 
COUNTER ROM MULTIPLIER ACCUMULATOR DIVIDER
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Fig. 2  Denoising block to find variance of the observed signal 
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Fig. 3 Architecture block to find out the noise variace 
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Fig. 4 Block to find out normalized variance 
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Fig. 5 Architecture to find out the multiwavelet coefficients. 
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4. Results and Discussion: 
Here we compared the denoising of SAR images with different wavelet techniques like Haar wavelet, Db4 
wavelet, sym wavelet and bior wavelet in the presence of variance 0.1.  
Table 1 shows Comparison of SNR and MSE values for SAR image with Bayes thresholding technique 
(Variance=0.1) for different wavelets like Haar wavelet, Db4 wavelet, sym wavelet and bior wavelet. The test image 
is from Turkish Airborne Reconnaissance Program (TARP). The objective is to Procurement and integration of 
Tactical Surveillance Sensor and Synthetic Aperture Radar (SAR) to RF-4E and F-16 aircrafts in Air force 
inventory.  
Table I. SNR results for the test image and for different σ values 
wavelet/ multiwavelets Type 
σ =0.1 σ =10 σ =15 
pSNR MSE pSNR MSE pSNR MSE 
Orthogonal wavelets 
Haar 43.89 6.32 40.56 7.91 39.26 8.73 
Db4 47.14 6.02 46.53 6.87 42.12 8.01 
Bi-orthogonal Bior 3.7 47.91 5.99 47.88 6.04 44.23 7.12 
Orthogonal Multiwavelets     GHM 51.23 4.74 49.12 5.33 46.82 6.45 
Parametric 
multiwavelets(Proposed) a0 =0.9486 56.22 3.76 53.63 4.29 50.11 5.63 
 
It is clear that the performance of the methods depends on image type and noise levels. But in both cases, 
whether GHM multiwavelet or Bayes shrink gives worst results, the performance of the proposed method seems to 
be much better than the other two. It can be seen that the proposed method preserves image structures much better 
than GHM multiwavelet and Bayes shrink. Also the number of iterations required for the proposed method to 
produce the better image is much less than that of GHM multiwavelet. The experiment is repeated for various types 
of images with varying noise levels and seems that the method proposed is giving better results than GHM 
multiwavelet and Bayes shrink. It is clear that the performance of the methods depends on image type and noise 
levels. But in both cases, whether GHM multiwavelet or Bayes shrink gives worst results, the performance of the 
proposed method seems to be much better than the other two. It can be seen that the proposed method preserves 
image structures much better than GHM multiwavelet and Bayes shrink. Also the number of iterations required for 
the proposed method to produce the better image is much less than that of GHM multiwavelet. The experiment is 
repeated for various types of images with varying noise levels and seems that the method proposed is giving better 
results than GHM multiwavelet and Bayes shrink. 
  
 
 
 
 
 
 
 
 
 
(a) (b) 
 
1211R Vidhyalavanya and M Madheswaran / Procedia Engineering 30 (2012) 1205 – 1211 Vidhyalavanya / Procedia Engineering 00 (2011) 000–000  
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Fig. 6  (a)A SAR Image from Turkish Airborne Reconnaissance Program- original image (b) speckle noised image, Bayes threshold denoised 
image using (c) wavelet (DB4) (d) Parametric multiwavelet-Proposed. 
Figure 6 shows the original image, speckle noised image, decomposed image with level-2 and Bayes threshold 
denoised image. The SNR value for parametric multiwavelet is better with the value of orthogonal wavelet. 
Conclusion: 
In this paper, architecture for wavelet-based despeckling method for SAR images is presented. Any algorithm has 
to be converted into hardware, Denoising coder for SAR imaging is explained in this paper. Experimental results 
illustrate that the coder has a goo despeckling performance in SAR images. The conventional filter performances are 
compared with the proposed coder and proved that there was an efficiency of 3% obtained. The trade off between 
picture quality and pSNR is almost taken care in the proposed coder. It shows that this denoising method offers  a 
better alternative to suppress the coherent speckle noise of the SAR images. 
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